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Compared to whites in the United States, blacks experience heightened risk of 
many diseases as well as worse outcomes after medical treatment.  Those differences are 
a major focus of epidemiologic investigation. Research has been complicated by two 
related issues: the absence of a precise definition of the biologic and social dynamics 
represented by the race variable, and the purportedly immutable nature of race, which 
hinders application of the potential outcomes framework to questions of race and health. 
We propose a conceptual framework separating race into distinct, modifiable 
components, including area-level structural racism and physical phenotype. These two 
components form a gene-environment interaction in which the effect of structural racism 
varies across phenotypic category. We identify structural racism as a key determinant of 
health, develop and validate a measure of county-level structural racism that includes 
multiple items representing differential institutional treatment of blacks and whites. We 
use a factor analysis model that accounts for measurement error and the correlated nature 
of potential indicators of structural racism. Our study addresses gaps in the content 
validity of previous work by measuring racism with indicators in five domains: 
employment, education, housing, healthcare and criminal justice. We estimate a structural 
racism factor score for counties representing 92% of the U.S. population. The model has 
adequate fit and strong construct validity. Finally, we evaluate the association between 
structural racism and BMI using data from the Behavioral Risk Factor Surveillance 
System. Following the relationships outlined in the conceptual framework, we specify an 
interaction between county structural racism sex, and black race on BMI. Predicted BMI 





women fell 0.4 kg/m2 with a change in CSR from -1SD to 1 SD. For black males, a similar 
change in CSR resulted in a BMI increase of 0.4 kg/m2. Black females reported the 
highest BMI across all levels of CSR, with BMI rising 0.1 kg/m2 as CSR increased from -
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Compared to whites in the United States, blacks experience heightened risk of 
many diseases, as well as worse outcomes after medical treatment. Studies aimed at 
understanding the cause of these disparities, and evaluating the effect of interventions, are 
a major focus of public health researchers.  
Efforts to understand and ameliorate disparities, though, have been complicated 
by two related issues. When researchers report racial disparities in disease incidence and 
treatment outcomes, it is unclear what the “race effect” actually signifies. The race 
variable has, over the past several decades, been interpreted variously as a visible 
manifestation of a genotype associated with poor health, a marker of exposure to cultural 
and behavioral patterns that cause ill health, and a proxy for exposure to structural and 
interpersonal racism. The lack of a precise and widely accepted accounting of the social 
and biologic dynamics represented by the race effect is an obstacle to understanding the 
role of race in etiology, and in the pursuit of potential interventions.   
Further complicating this picture is the question of causal inference. The potential 
outcomes framework, which has become the primary means by which etiologic inference 
is made, specifies that a causal interpretation to study findings may only emerge from a 
design featuring a plausible intervention. Thus, the question remains as to whether one 
can estimate the causal effect of race on a health outcome, given that race is typically 
deemed an immutable trait. 
The first aim of this dissertation is development of a conceptual framework that 
decomposes the “race effect” into distinct components, allowing researchers to assess 





directly investigate the effectiveness of well-specified potential interventions on 
modifiable components of race. The main features of the conceptual model are 
specification of structural racism as a key determinant of racial disparities in health and 
identification of a sufficient-cause interaction between black physical phenotype and 
structural racism.  
Aim	2	
Focusing on structural racism raises the question of how to accurately measure 
this complex social dynamic. The second aim of the dissertation is development of a 
measurement model for structural racism. This work offers two contributions to the 
literature on measurement of racism. First, existing studies have used indices or 
multivariate regression modeling to estimate the effect of structural racism. Both 
approaches fail to account for measurement error, which may downwardly bias measures 
of association between structural racism and health outcomes. The latter approach 
estimates the independent effect of each indicator of structural racism, which fails to 
account for the intercorrelated and mutually reinforcing effects of dynamics like 
educational and employment discrimination. Here, I use confirmatory factor modeling, 
which minimizes bias from measurement error and takes account of the intercorrelated 
nature of indicators of structural racism.    
I elected to measure structural racism at the county level because it is the one at 
which many institutional processes relevant to structural racism operate. For example, 
school systems responsible for setting policies that may lead to school segregation 





domains relevant to structural racism: employment, education, housing, criminal justice 
and health. The measures fall into two groups: indicators of residential and educational 
segregation that measure subareal departure from the black and white proportions in 
county population, and prevalence ratios of the form Pwhite/Pblack, where Pwhite is the 
proportion of whites in a county experiencing an event and Pblack is the proportion of 
blacks experiencing the event. I used counts of non-Hispanic whites and non-Hispanic 
blacks when available. When a count of non-Hispanic blacks was unavailable, we used 
the count of all blacks. Data sources included the U.S. Census American Community 
Survey, the Common Core of Data collected by the U.S. Department of Education, health 
disparity information collected by the Dartmouth Atlas, and a census of correctional 
institutions administered by the federal Bureau of Justice Statistics.  
Confirmatory factor modeling yielded a model with one indicator for each of the 
five domains of structural racism. The model exhibited acceptable fit on the confirmatory 
fit index, the Tucker-Lewis index, the root mean square error of approximation, and the 
standardized root mean square residual. I specified a nomologic network of several 
associations designed to evaluate convergent and divergent validity; all associations were 
in the hypothesized direction.  
Aim	3	
The final aim of the dissertation is to provide a practical illustration of how the 
conceptual framework and measurement model developed in earlier aims may be used in 
empirical research. I chose to evaluate the association between county structural racism 





dynamics. Over the course of three decades, the prevalence of obesity in the United 
States more than doubled, to 36% in 2010, and an estimated $147 billion in health care 
costs in the United States were attributable to obesity in 2008. BMI trajectories are found 
BMI trajectories were ordered by social disadvantage, with educated white men having 
the lowest growth trajectory, and uneducated black women the highest.  Research on 
structural racism and obesity has to date been limited to studies addressing a single 
domain—housing discrimination— indicating that content validity of existing measures 
is an open question.  
The Aim 3 analysis relies on self-reported BMI collected as part of the Behavioral 
Risk Factor Surveillance System (BRFSS), an annual survey administered by the federal 
Centers for Disease Control and Prevention in cooperation with state health departments. 
Self-reported race was also obtained from BRFSS. Weighted BRFSS data are designed to 
yield state-level estimates. Because the Aim 3 target population is not any particular 
state, but rather adult residents of counties included in both the modeling of county 
structural racism and the BRFSS sample frame, I elected not to use the BRFSS-supplied 
survey weights. I modeled the structural racism/BMI relationship using a linear 
regression with a random effect for county identity. I specified models that included 
adjustment for baseline covariates (age, gender, race); baseline covariates plus structural 
racism; baseline covariates, structural racism, and an interaction term between black race 
and structural racism. Finally, to evaluate the sensitivity of our results to common macro-
level confounders, I specified a model with an additional three covariates (county 





I found CSR was associated with decreased BMI in the general population, but 
that specifying an interaction term for race, sex and CSR significantly changed the 
dynamics of the model.  Predicted BMI for white males was substantively unchanged 
across levels of CSR, while BMI for white women fell 0.4 kg/m2 with a change in CSR 
from -1SD to 1 SD. For black males, a similar change in CSR resulted in a BMI increase 
of 0.4 kg/m2. Black females reported the highest BMI across all levels of CSR, with BMI 
rising 0.1 kg/m2 as CSR increased from -1 SD to 1 SD. The interaction term was 
statistically significant (p<0.05). Coefficients for level 2 covariates other than CSR, and 
for age, were substantively the same as in the other models. 
Together, the three papers open some new possibilities for research on race and 
health. By defining a conceptual framework that clarifies the components of race, and 
situations them within the potential outcomes framework, the work paves the way for 
additional inquiries into the causal effect of the components of race. By developing a 
measurement model for structural racism, I provide a validated exposure scale that can be 
used to deepen our knowledge of the effect of structural racism on health and other 
outcomes. The framework and the measurement model together underscore the 
importance and feasibility of designing and testing interventions on structural racism. 
Finally, the work with structural racism and BMI provides an illustration of how the 
framework and measurement model might be used in tandem to research health 
disparities, and raises the possibility that intervening on CSR could eliminate the racial 





















Compared to whites in the United States, blacks experience heightened risk of 
many diseases as well as worse outcomes after medical treatment.  These disparities are a 
major focus of epidemiologic investigation and public health interventions. Efforts to 
understand and ameliorate disparities have been complicated by two related issues: the 
absence of a precise definition of the biologic and social dynamics represented by the 
race variable, and the purportedly immutable nature of race, which hinders application of 
the potential outcomes framework to questions of race and health. We propose a 
conceptual framework separating race into distinct components, including area-level 
structural racism, interpersonal racism, cultural adaptation to racism and racialized group 
membership. We identify access to resources and stress as two important mechanisms by 
which structural racism affects health. Racialized group membership (black or white) and 
structural racism interact to produce differing effects on access to resources and 
psychosocial stress across groups. We conclude by exploring how the framework might 
facilitate further research into the health effects of structural racism, and address 








Compared to whites in the United States, blacks experience heightened risk of 
many diseases (Kochanek, Anderson, and Arias 2015; DeSantis et al. 2016; Havranek et 
al. 2015), as well as worse outcomes after medical treatment (Lucas et al. 2006; Stone et 
al. 2013). Those differences, collectively known as health disparities, are a major focus of 
epidemiologic investigation and public health interventions.  
Efforts to understand and ameliorate disparities have been complicated by two 
related issues that are the focus of this paper. When investigators evaluate differences in 
disease incidence and treatment outcomes by race, it is unclear what the “race effect” 
actually signifies. Research interest in race has, over the past several decades, focused 
variously on race as an indicator of a genotype associated with poor health, a marker of 
exposure to cultural and behavioral patterns that cause ill health, and a proxy for 
exposure to structural and interpersonal racism. The lack of a precise and widely accepted 
accounting of the social and biologic dynamics represented by race is a key obstacle to 
understanding the role of race in etiology, and to the pursuit of effective interventions.   
Inference regarding the causal effect of race is another vexing area for 
researchers. The potential outcomes framework (Rubin 1974), the primary means by 
which etiologic inference is made in modern epidemiology, specifies that a causal 
interpretation to study findings may only emerge from a design featuring a plausible 
intervention. Some have argued that this implies that one cannot estimate the causal 
effect of race on a health outcome, given that race is typically deemed an immutable trait 





 For this reason, we suggest that a conceptual model separating race into distinct 
components would allow researchers to more clearly assess which components are 
modifiable and thus amenable to analysis under the potential outcomes framework, and to 
investigate the effectiveness of potential interventions. This decomposition is similar in 
some ways to the approach offered by VanderWeele and Robinson (2014), but differs in 
the specific components identified, their interrelations, and the implications for causal 
inference. While we term this a conceptual framework, we will address issues of causal 
inference, and provide a directed acyclic graph (Greenland, Pearl, and Robins 1999) 
covering portions of the framework.  
The proposed framework (Figure 1) positions area-level structural racism as the 
key determinant of health. Structural racism affects health through stress and differential 
access to resources. The effect of structural racism on differential access to resources is 
mediated by cultural traits. Racialized group membership (black or white) and structural 
racism form an interaction in which the effect of structural racism on health varies across 
groups. The discussion below focuses on clearly defining each of these components, as 
well as assessing modifiability and potential relationships with other components in the 
model. We then discuss implications of, and research questions suggested by, the 
framework.  
The framework focuses on a more precise specification of the dynamics 
underlying black/white health disparities, because blacks in the U.S. have experienced 
more frequent and severe structural and interpersonal racism than other minorities in the 





involving other groups represent pressing public health concerns, and note that the 
framework, with modifications, could be useful in research involving structural racism 
directed against groups other than blacks.   
Components	of	the	framework	
The framework is organized around the importance of racism to health and health 
disparities. Racism is increasingly recognized as a fundamental cause of health inequities 
(Phelan and Link 2015; Gee and Ford 2011). The fundamental cause theory identifies 
potential determinants of health that are linked to multiple health outcomes through the 
action of numerous mechanisms that change over time. It explains why race has been an 
important determinant of health in the United States since the nation’s founding, despite 
large changes in the diseases responsible for mortality and morbidity, and the 
interventions available to fight them. In short, the theory holds that whites in the U.S. 
have always had preferential access to knowledge, medical care, and financial resources 
to secure better health outcomes. One example of this dynamic, regarding difference in 
trajectory of AIDS mortality by race, was documented by Rubin et al. (Phelan and Link 
2015). Absent the fundamental cause theory, one might have expected the advent of 
effective preventative treatments for AIDS to eliminate the large racial disparity in AIDS 
mortality.  However, the mortality gap increased steeply after the development of highly 
active antiretrovirals, because they were expensive and thus more widely available to 
whites than to blacks. For public health purposes, a key component of the fundamental 
cause theory is that interventions on mediators that lie between fundamental causes and 





that clearly specifies the role of racism, and facilitates intervention upon it, is paramount.  
We address two types of racism: structural and interpersonal. Gee and Ford 
(2011) define structural racism as “the macro level systems, social forces, institutions, 
ideologies, and processes that interact with one another to generate and reinforce 
inequities among racial and ethnic groups.” Interpersonal racism is recognized as 
prejudice and discrimination directed toward members of a disfavored racial group by 
individuals in the dominant group (Jones 2000). 
Our framework specifies interpersonal racism as a downstream effect of structural 
racism, because structural racism often reinforces interpersonal racism through the 
provision of differential access to resources based on race. For example, if some whites 
perceive blacks as criminals, this may foster interpersonal racism. Structural racism is an 
upstream determinant in this dynamic because it results in criminal justice policies that 
preferentially convict and imprison blacks, thereby bolstering the perception of blacks as 
criminals. Gee and Ford argue that associations between race and health outcomes would 
likely remain even if interpersonal discrimination were eliminated because structural 
racism could still persist. The framework positions psychological stress as a health 
determinant downstream of both structural and interpersonal racism, as both forms of 
racism have been shown to create stress reactions detrimental to health. (Bailey et al. 
2017) Importantly, while there are practical challenges involved in modifying structural 
and interpersonal racism, there is no theoretical reason as to why they cannot be 







 Structural racism results in health disparities primarily by constraining access to 
resources for blacks. Because fundamental cause theory specifies that the particular 
resources involved, and the mechanisms by which they act on health, change over time 
(Phelan and Link 2015), the framework does not list particular resources. However, it 
may be informative to discuss the mechanisms by which structural racism is currently 
thought to affect health. Blank et al. (2004) specify five domains in which racial 
discrimination operates: employment, housing, health, criminal justice and education. 
Bailey at al. (2017) offer a similar collection of pathways through which structural racism 
operates: housing, education, employment, earnings, benefits, credit, media, health care, 
and criminal justice. These pathways are non-exclusive and interlocking. For example, 
new parents who are black may be unable to obtain adequate housing in a safe 
neighborhood due to housing discrimination. This may affect their child’s health in 
myriad ways, including potential exposure to lead, diminished educational achievement 
due to differential resources available in a segregated school system, the physical and 
psychological effects of exposure to violence, and exposure to a neighborhood with 
limited employment opportunities and expectations. The latter may further diminish 
educational opportunities and create risk for involvement in the criminal justice system. 
All of these dynamics may adversely affect health of the child, as can diminished access 
to health resources due to employment and housing discrimination.  
The	role	of	culture	
Culture is viewed by some as an upstream and important determinant of health 





note that culture, in turn, may be shaped by structural racism. Wilson (2009) offers a 
definition of cultural traits that is useful in the current context: “shared outlooks, modes 
of behavior, traditions, belief systems, worldviews, values, skills, preferences, styles of 
self-presentation, etiquette, and linguistic patterns—that emerge from patterns of intra-
group interaction in settings created by discrimination and segregation and that reflect 
collective experiences within those settings.”  
Because it is not always clear how, on a practical level, structural racism might 
give rise to cultural traits and individual behaviors, we offer an example drawn from the 
educational context. Jeynes (2007) and others have found a positive association between 
parental involvement and student achievement. Desimone (1999) found black parents 
scored lower on some measures of involvement, and noted that diminished involvement 
has previously been viewed as a cultural trait specific to black parents. Connecting these 
dots without considering the determinants of cultural traits might lead one to conclude 
that diminished parental involvement is an independent cause of lower educational 
achievement, and subsequently poor health, among blacks. If, however, one closely 
examines the processes by which cultural traits develop, a different conclusion presents 
itself. Neckerman (2010) investigated the development of segregated city schools over 
the course of the 1900s in Chicago, finding that what might initially appear as cultural 
traits were instead sequelae of institutional policies: “The district's history of segregation 
and inequality undermined school legitimacy in the eyes of its black students. As a result, 
inner-city teachers struggled to gain cooperation from children and parents who had little 





that cultural traits are in part caused by, and mediate the effect of, structural racism on 
access to resources and health status. While it is difficult to modify culture, again there is 
no theoretical impediment to interventions on culture, and thus this component is suitable 
for consideration under the potential outcomes framework.  
The	importance	of	racialized	group	membership	
Any framework addressing race and health must carefully consider the role of 
race. Here, we focus the discussion on racialized group membership to draw attention to 
the socially constructed nature of race. Bonilla-Silva (1997) describes the creation of 
racialized groups as the assignment of social position to people sharing a set of arbitrarily 
identified physical characteristics: “Actors in racial positions are there not because they 
are of X or Y race but because X or Y has been socially defined as a race. The 
phenotypical characteristics of the actors are usually … used to denote racial 
distinctions.” The social definition of race is used by individuals in combination with 
physical characteristics to place themselves into a racialized group, and by others to 
identify members of a racialized group. Accordingly, we include physical phenotype and 
black racialized group membership in our framework, and specify that structural racism 
and phenotype interact to determine the racialized group membership of individuals.  
In addition to this dynamic, a second process links racialized group membership 
and structural racism. When members of a racialized group interact with social 
institutions and policies, structural racism influences the results of those interactions 
through differential treatment. It is important to note that this differential treatment need 





group membership of particular individuals to operate. For example, the exodus of large 
employers from urban areas that has occurred over the past few decades has resulted in 
diminished employment for blacks, who disproportionately live in the urban areas that 
have been abandoned. (Wilson 2009) We know of the racialized nature of this policy 
only because we retrospectively observe that those who have identified themselves as 
black on a Census form are more likely to live in the recently vacated urban areas.  
These dynamics may also operate in more explicitly racialized ways that do not 
require direct observation of racialized group membership. For example, in 2012 Wells 
Fargo bank paid $175 million to settle a lawsuit filed by the federal Department of Justice 
that accused the bank of a pattern of discrimination that involved channeling minority 
loan applicants into subprime loans, even when they were qualified for better loans 
(Rothacker and Ingram 2012). Wells Fargo was aware of the self-reported race of each 
applicant on the mortgage paperwork, but underwriters did not have personal contact 
with the applicants and thus had no opportunity to observe their physical characteristics 
(United States vs. Wells Fargo 2012). 
When considering group membership within the conceptual framework, several 
options arise. One would be to ignore it and simply estimate the total population health 
effect of exposure to higher levels of structural racism. This is problematic because it 
does not allow for an understanding of how structural racism shapes health disparities, 
and does not provide visibility into how interventions might affect disparities. One might 
also consider simply restricting studies to participants identified by themselves or others 





structural racism. This approach is easy to understand and implement. But it reduces 
statistical power, and again results in diminished information about the relationship 
between structural racism and health. Is structural racism protective for whites and 
harmful to blacks, or harmful to all members of a population? In order to fully understand 
these dynamics, one must examine structural racism and racialized group membership 
together.  
Is	racialized	group	membership	modifiable?	
Prior to situating group membership in the framework, we consider the degree to 
which modification is plausible. As discussed above, race is typically construed as a non-
modifiable characteristic. However, one benefit of the current framework is that it allows 
us to separately consider modifiability of each of the components of race. There are a 
number of ways in which group membership is modifiable, with the specifics depending 
on the research context. In situations similar to the Wells Fargo example described above, 
group membership may be directly modifiable. One could, for example, provide study 
subjects with a randomized value for racialized group membership and direct them to file 
a mortgage application as they normally would, substituting the randomized value for 
their true race.  
In situations where structural racism is expected to operate based on visible 
identification of group membership, other strategies become relevant. One was outlined 
in Black Like Me (1961), in which the white author John Griffin underwent 
pharmacologic and ultraviolet light treatment to darken his skin, and wrote about the 





intervention blocks the effect of physical phenotype on one’s racialized group 
membership. Such interventions would lend a causal interpretation to the prospective 
effect of setting a subject’s group membership from white to black, or vice versa.  
These types of intervention might be suitable, if ethical considerations could be 
managed, for a small study. But turning white people black, or vice versa, is not an 
effective public health intervention, whether accomplished on paper or in the flesh. 
Because the physical experiments considered here are interventions targeting individuals, 
it is likely to be more expensive and challenging to maintain than those focusing on 
larger social, environmental or policy features (Rose 1985). Eliminating natural variation 
in skin color to blunt the effect of a social system that causes ill health for people of color 
raises ethical concerns that are surely unresolvable.  However, the potential outcomes 
framework does not require that an intervention be achievable on the population level to 
yield a causal estimate, so we proceed with the understanding that setting the racialized 
group membership may sometimes be feasible, but will often not be the main focus of 
researchers.  
Racialized	group	membership	as	a	direct	cause	of	health	outcomes	
Including group membership in a causal model demands further consideration of 
the relationships linking it to other variables of interest. One hypothesis would be that 
group membership is a direct cause of health outcomes. However, as discussed earlier, 
genotypic (Nei and Roychoudhury 1974) and epidemiologic (Cooper et al. 1997) 
investigations provide empirical justification for the understanding that racialized group 





social value to arbitrarily selected physical features. (Bailey et al. 2017) Thus, we have 
no basis for hypothesizing that group membership itself is an independent cause of 
disease. In rare cases, the physical phenotype underlying racialized group membership 
can itself be a cause of disease. One example is skin cancer, where absence of melanin in 
lighter skin is associated with higher incidence. (Elder 1995) However, it is likely that 
physical traits giving rise to racialized group membership are directly associated with a 
limited group of diseases, mostly in the area of dermatology. Thus, we do not further 
consider this issue.  
Group	membership	in	sufficient-cause	interactions	
Finally, we consider the possibility that racialized group membership interacts 
with structural racism to cause poor health for blacks. This arrangement is, in one sense, 
obvious to the point that it borders on tautology. A social system that is defined by 
differential treatment of blacks will surely produce different outcomes for blacks. 
However, modeling this dynamic in a way that relates to the potential outcomes 
framework and facilitates causal inference is work that has not yet been accomplished.  
VanderWeele (2009) specifies several types of interaction under the potential 
outcomes framework. We consider the most relevant of these: causal interaction, 
sufficient cause interaction, and effect heterogeneity. Any two causes of a single variable 
will, by definition, interact on that variable, in that the association of one cause with the 
outcome changes across levels of the other cause. Specifying this type of causal 
interaction between racialized group membership and structural racism would, however, 





of health. As previously discussed, this is generally not the case.  
A more relevant possibility would be that the group membership and structural 
racism are synergistic causes (Greenland and Poole 1988). In this scenario, social 
categorization as black does not cause poor health unless a black subject is also exposed 
to an elevated level of structural racism. The logic of this arrangement is compelling: 
There is no mechanism by which structural racism could affect health if there were no 
blacks for the social system to operate upon. By the same token, without exposure to 
structural racism, black racial group membership has no relevance to health.  
In the additive case, on which we focus to simplify the discussion, interpretation 
of a sufficient-cause relationship under the potential outcomes framework involves 
calculating the excess risk of poor health with both black racial group membership and 
exposure to structural racism less the risk incurred with the exposures separately. In 
practice, obtaining a causal estimate for this set of exposures requires that measurement 
of each be free of confounding (VanderWeele 2015). As Figure 1.2 illustrates, this will 
be difficult to accomplish in some instances. The figure provides a DAG illustrating 
many of the dynamics represented in the full conceptual model, along with additional 
nodes reflecting relationships between racialized group membership and structural racism 
over two generations. Of note are two edges, one reflecting the genetic relationship 
between parental group and subject group, and one reflecting the association between 
parental exposure to structural racism and subject exposure, due to the frequent co-
location of parents and offspring. To estimate the causal effect of a sufficient-cause 





parental group and parental exposure to structural racism.  
Effect	heterogeneity	
In some studies, this control will be feasible. If it is not, the association between 
racialized group and health may be interpreted as one of effect heterogeneity 
(VanderWeele 2009).  In this event, the investigator acknowledges that interventions on 
racialized group membership are not in view, and the association between group and 
health takes on a descriptive cast. Because it is unclear whether change in the effect of 
structural racism across categories of racialized group is due to the group membership 
itself, or to a common cause shared by group membership and the outcome, the effect on 
the outcome of changing the group membership remains unknown. However, as we have 
noted, the primary public health interest lies not in changing the racialized group 
membership of individual subjects, but rather in understanding how interventions on 
structural racism are likely to eliminate health disparities. Because of this, analyses 
interpreted as effect heterogeneity are likely to provide useful information despite their 
limitations.  
So far, we have limited the discussion of interaction to the relationship between 
the two variables central to understanding race and health—structural racism and 
racialized group membership. However, similar interactions occur with components in 
the framework downstream of structural racism. Racialized group membership modifies 
the effect of contact with a person who subscribes to racist ideology; blacks are likely to 
experience this interaction as more threatening than whites. Similarly, the development of 





those traits, while the effect is different for blacks.  
Discussion	
The goal of the current paper is to connect two areas of literature: one calling for 
more research on, and better theory and frameworks for, structural racism and health 
(Hicken et al. 2018; Bailey et al. 2017), and that encompassing recent developments in 
the area of causal inference and interaction (VanderWeele and Robinson 2014; 
VanderWeele 2009, 2015). Our treatment of race in the context of health disparities 
separates race into several components: Structural racism, interpersonal racism, cultural 
adaptation to structural racism, access to resources, individual behavior, psychosocial 
stress, and physical characteristics. We argue that racialized group membership interacts 
with structural racism, interpersonal racism, and cultural adaptation to alter the way in 
which they affect health. We note that taken separately, the components of race are 
generally modifiable in a prospective sense and thus suitable for analysis under the 
potential outcomes framework. Because structural racism is a fundamental cause, 
intervention on mechanisms lying between structural racism and health will not be as 
effective as intervening on structural racism itself. 
While modifiability remains an important criteria for many investigators, others 
(Pearl 2010; Glymour and Spiegelman 2017) have argued that the no manipulation, no 
causation dogma is misguided. Pearl (2010) advocated for a focus on whether 
descendants of an exposure receive signals from the exposure, not whether the exposure 
is modifiable. The intervention required to achieve a causal contrast is on signal 





paper, the question would not be whether race is modifiable, but rather whether the social 
system downstream from race reacts to information about race. Our research facilitates 
the type of causal contrast Pearl proposed by specifying that racialized group membership 
represents the joint action of individual physical phenotype and a system that is designed 
to assign social value to (or receive signals about) phenotype.  
The framework has a number of other strengths. We propose specific 
relationships between the components of race and health outcomes that may lead to 
causal inference using the potential outcomes framework. In many cases, these 
relationships can be empirically tested. Such testing may lead to useful new lines of 
research. For example, the nature of the relationship between structural racism, 
interpersonal racism and health is not well covered in the current literature. 
One important implication of our work is that structural racism must be accurately 
measured to understand the dynamics underlying race and health. Existing work on 
structural racism has focused on single-indicator measures and indices, which are likely 
to result in measurement error and poor content validity. The question of geographic 
scale becomes relevant here, because it is not immediately clear whether structural racism 
affects health most significantly on the neighborhood, county, state or national level. 
Another possibility is that structural racism operates on all of those levels, and that 
multilevel measurement approaches are necessary to adequately account for those 
dynamics.  
Designating appropriate control units when gauging the effect of structural racism 





subjugation, it is unlikely that unexposed persons or areas can be found within the 
country. The problem is illustrated in an example given by Rose (1985), who discussed 
the relationship between soft drinking water and heart disease. If one evaluates 
cardiovascular deaths in Scotland, there is no association with drinking water. This is 
because all subjects receive soft tap water and there is no variation in the exposure. If one 
expands the analysis to other regions receiving hard tap water, the association between 
soft water and cardiovascular risk becomes clear. Evaluating the effect of structural 
racism may require cross-national analysis, which raises additional methodologic 
concerns.  
Another implication of the framework relates to the advisability of adjusting for 
socioeconomic status and other variables, such as housing, neighborhood quality, and 
educational attainment, indicative of access to resources. A unique feature of our 
conceptual model is that it specifies a mediating role for these variables. These variables 
are frequently considered to be confounders of any relationship between race and health 
outcomes. However, because of the powerful effect that structural racism has on 
socioeconomic status and education, we suggest that, in the context of studies evaluating 
the effect of structural racism on health, adjusting for these variables will result in biased 
measurement of the effect of structural racism.  
Finally, we consider the requirement for controlling for parental exposure to 
structural racism when estimating the causal effect of structural racism. Data on location 
of parental residence are rarely collected in administrative and cohort data, so this type of 





epidemiologic studies. We could easily supply a causal diagram for lung cancer, for 
example, that would position parental smoking as a common cause of descendant 
smoking and childhood exposure to smoke, both of which might cause cancer. This 
possibility was not an impediment to Doll and Hill (1950), and it should not cause others 
to avoid studies on structural racism, either. When adjustment is not possible, the 
structural racism effect will reflect the subject’s exposure to structural racism as well as 
parental exposure to structural racism. This is an obstacle to estimating the immediate 
effect of intervening on structural racism. However, such an analysis has scientific value 
on its own, in that it measures the effect of historical structural racism. 
We share some of the concerns expressed by Schwartz et al. (2016), namely that 
the potential outcomes framework serves a socially conservative function by limiting 
consideration of causes to those dynamics that might be addressed through small-scale 
interventions operationalized as randomized controlled trials. However, we offer the 
proposed framework as an example of how detailed consideration of the social dynamics 
underlying causes seemingly outside the reach of the potential outcomes framework can, 
in fact, yield workable counterfactuals. While programs addressing area structural racism 
are surely challenging to conceive of and execute, it is possible to envision well-defined 
interventions. For example, one might institute a policy or law requiring county 
governments to measure and ameliorate racial differences across the domains in which 
structural racism commonly affects disparities. Bailey et al. (2017) discuss others, 
including Purpose Built Communities, an effort to redevelop a large number of 





located services to promote health, education and employment. We acknowledge this 
type of intervention would, as argued by Schwartz et al., estimate the effect of a 
particular intervention rather than the effect of the previously established structural 
racism. This is a limitation in some respects, a benefit in others. We expect that achieving 
clarity about the potential effect of interventions on structural racism will ultimately 












Figure 1.2: Directed acyclic graph, bi-generational structural racism, racialized 
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Blacks in the United States experience diminished life chances compared to 
whites in domains ranging from employment to health, education, and criminal justice.  
In recent years, researchers have focused on racism as a key determinant of such 
differences. This has in turn increased interest in measuring racism. Recent measurement 
efforts have focused on individual-level instruments measuring perceived racism, and on 
regression models that incorporate one or more proxies of institutional or structural 
racism as independent variables. Each approach involves methodologic challenges that 
may lead to mismeasurement of racism. Because of those issues, we elected to measure 
structural racism at the community level by evaluating differences in institutional 
treatment of blacks and whites, using a factor analysis approach that accounts for 
measurement error and the correlated nature of potential indicators of structural racism. 
Our approach improves upon the content validity of previous work by measuring racism 
with indicators in five domains: housing, education, employment, healthcare and criminal 
justice. We estimated a structural racism factor score for 1,787 counties with a black 
population of greater than 500, representing more than half of the counties and 92% of 
the population in the country. The model demonstrated acceptable fit across a panel of 
statistics designed to identify poor-fitting factor models, and performed well in a 
construct validity analysis that involved construction of a detailed nomologic network. 
The resulting county estimates of structural racism can be used to investigate the 






Blacks in the United States experience diminished life chances compared to 
whites in domains ranging from employment to health, education, and criminal justice  
(Bonilla-Silva 2009; Chen and Nomura 2015; Nunley et al. 2015; DeSantis et al. 2016; 
Reardon, Yun, and Eitle 2000). Prior to the development of genome-sequencing studies 
that decomposed genetic variation into within- and between-race components, 
investigators often attributed black-white differences to biological factors. In recent 
decades, though, epidemiologic analyses (Cooper et al. 1997), and molecular studies (Nei 
and Roychoudhury 1974), have proven this theory false. Another theory is that individual 
behavior, sometimes driven by culture, is a key cause of black-white differences. More 
recently, researchers have begun developing evidence that racism, rather than race or 
culture, is a powerful explanation for racial differences. (Dressler, Oths, and Gravlee 
2005)  
These developments have led to increased interest in measuring racism. Most of 
this effort has been focused on individual-level instruments that measure racism as 
perceived by survey subjects. A recent systematic review identified 26 such measurement 
instruments. (Bastos et al. 2010) This focus on perceived racism raises a number of 
methodologic issues. (Priest et al. 2013) It may be unclear, from the viewpoint of a 
minority group member, whether unfavorable treatment is attributable to racism or to a 
more benign explanation, so not all interactions driven by racism may be perceived as 
such. (Major, Quinton, and McCoy 2002) Subjects who are members of multiple low-
status groups, such as black men who have sex with men, may be unable to determine 





2010) Exposure to racism may be mitigated by coping strategies that alter a respondent’s 
perception of events or interest in reporting them.  
Finally, there is the question of measurement level. Structural racism is defined as 
the interconnected societal and institutional practices that result in differential treatment 
by race. Following Gee and Ford (2011) and Jones (2000), we argue that measuring and 
intervening on structural racism is more important than similar efforts directed at 
interpersonal racism. Structural racism represents an upstream determinant of perceived 
racism and racial disparities, and may be a “fundamental cause” (Link and Phelan 1995; 
Phelan and Link 2015) of racial disparities in health and other domains. Because of this, 
it is possible that negative effects of race would continue to exist even if interpersonal 
racism were eliminated. Further, eliminating structural racism may result in reductions in 
interpersonal racism, as it reduces the state-sanctioned nature of differential treatment by 
race, and over time eliminates differences in health, education and socioeconomic status 
between racial groups.  
While measuring structural racism is paramount to understanding racial 
disparities, this goal is not well served by currently available instruments of perceived 
racism. Some of these instruments contain items or subdomains related to structural 
racism (Green 1995; Utsey 1999), while others do not explicitly measure structural 
racism. (Taylor, Kamarck, and Shiffman 2004) Regardless, structural racism is a societal, 
rather than individual, phenomena, and thus is not adequately measured at the individual 
level. A related, albeit more practical concern, is that individuals exposed to structural 





application was denied because of race, absent knowledge of how the bank handled 
applications filed by similarly situated whites.  
Because of the issues noted above, researchers have started measuring structural 
racism at analytic levels above the individual respondent. The prevalent approach to this 
type of measurement (Lukachko, Hatzenbuehler, and Keyes 2014; Wallace et al. 2017; 
Zhou, Bemanian, and Beyer 2017; Mendez, Hogan, and Culhane 2011, 2014; Jacoby et 
al. 2017) involves investigating structural racism by assembling a panel of indicators, 
generally one per domain, and regressing the outcome of interest against the panel of 
indicators. Modeling multiple domains of a complex latent phenomena as independent 
predictors has several drawbacks. Due to concerns about multicollinearity, this approach 
makes it difficult to include multiple indicators in a particular domain, so the analysis 
loses the accuracy provided by a full suite of indicators. The estimates resulting from this 
modeling approach are of the independent effect of a particular variable, holding all other 
variables constant. However, to understand the impact of structural racism on disparities, 
one needs an estimate of the effect of all of the domains operating in concert on the 
outcome, while accounting for the intercorrelation between domains. This requirement 
points one in the direction of factor modeling, the benefits of which include estimates that 
account for the intercorrelated nature of indicators, unbiased estimates in the presence of 
measurement error, a robust set of fit statistics specific to the goal of measuring latent 
constructs and the ability to specify an error structure for the indicators.  Finally, studies 
to date have not specified a set of indicators with strong content validity across all 





To accurately gauge the effect of structural racism on key social outcomes, to 
evaluate potential interventions, and to understand the relationship between interpersonal 
and structural racism, one must measure structural racism accurately. To our knowledge, 
a validated scale measuring multiple domains of structural racism has not been 
developed.  
Accordingly, the central thrust of this paper is to develop and validate a scale 
measuring structural racism at the county level in the United States. We seek to more 
fully understand the relationship between the latent construct of structural racism and the 
observed indicators caused by it, and to extract factor scores reflecting the relative level 
of structural racism across U.S. counties, with the goal of facilitating further research on 
structural racism and its association with health and other individual outcomes.  
Because structural racism is a complex, latent concept that is not measurable via a 
single variable, we propose a confirmatory factor analysis model, relying on a robust 
selection of macro-level indicators of discriminatory treatment, to obtain accurate 
measurement of structural racism.  
Materials	and	Methods	
We focus on structural racism at the county level. Previously, authors have 
presented analyses on discrimination using a variety of geographic units, including 
nations (Mayda 2006), states (Krieger et al. 2013), counties (Foster and Kleit 2015), and 
smaller localities (Lichter, Parisi, and Taquino 2012). We focus on counties for several 
reasons. Some candidate indicators (comparison of segregation across schools, for 





However, there is little doubt that policies implemented by governmental units below the 
state level are important drivers of discrimination. For example, school systems are often 
operated by county governments, which set educational policies that can encourage, or 
prohibit, school segregation. Many potential indicators were readily available at the 
county level. Finally, creating a measure based on a sub-county unit of analysis would 
exclude areas of the nation in which the county represents the smallest unit of 
government. 
A scale measuring structural racism could address differential treatment of 
minorities in at least two ways: evaluating differences between whites and all minorities, 
and evaluating differences between whites and a specific minority group. Williams and 
Williams-Morris (2000) note that blacks in the United States have been subjected to a 
level of structural and interpersonal racism that far exceeds that experienced by members 
of other minority groups. Housing covenants explicitly targeted blacks, rather than 
Hispanics and Asians. Given this background, it is difficult to conceive of an approach to 
measuring structural racism that simultaneously and meaningfully accounts for a given 
county’s treatment of all relevant racial and ethnic groups. The difficulty becomes more 
apparent when one considers the degree to which structural racism directed against 
Hispanics and Asians may be complicated by anti-immigrant bias. We elected to measure 
white vs. black county structural racism (CSR), while noting that the methods we apply 
could be readily adapted to measure other forms of structural racism. 
Development	of	the	CSR	scale	





housing, education, criminal justice and healthcare. We sought candidate indicators that 
measure differential black/white treatment across these five domains.  
Researchers have constructed well-established single-domain measures of 
discrimination at the area level (Massey and Denton 1988), which are often employed in 
housing and education studies. Broadly, housing and education discrimination indicators 
evaluate the degree to which units (Census tracts or schools) within a county mirror the 
racial composition of the county. When possible, we evaluated two variants of these 
indicators: One in which clustering of blacks was compared to the rest of the population, 
and one in which blacks were compared to the white population. We found the latter to 
be better correlated with other indicators of CSR, and so used this approach in our 
modeling.  
Area-level discrimination in employment, criminal justice and healthcare has been 
less closely studied. We sought readily available measures of differential treatment by 
race. We evaluated multiple indicators for each domain, and relied on modeling 
diagnostics to select the most informative indicators. These indicators, with few 
exceptions, are prevalence ratios: Pw=1/Pb=1, where Pw=1 is the proportion of whites in a 
county experiencing an event and Pb=1 is the proportion of blacks experiencing the event. 
When the data permitted calculations using counts of non-Hispanic whites and non-
Hispanic blacks, we used those categories. In some instances, the count of non-Hispanic 
blacks was unavailable. In those cases, we used the count of all blacks.  
Our measurement effort relies primarily on U.S. Census Bureau survey data and 





county with a black population of less than 500.  We sought to estimate CSR for 2009, 
which would provide an appropriate lag period to use the CSR measure as a predictor of 
recently measured racial disparities. This decision led us to use the 2007-2011 American 
Community Survey five-year data file, and to select a similar vintage for other files. 
Some files, such as the U.S. Department of Justice Census of Jails, were not available for 
2009. In those instances, we used the available vintage closest to 2009.  
We selected confirmatory factor analysis (CFA) to estimate CSR because CFA 
accommodates measurement error in observed indicators, empirically determines the 
degree to which each indicator is weighted in the composite estimate, and provides 
multiple indices of fit that aid selection of a final model. The fit statistics allow the 
investigator to ensure that the selected model has adequately reproduced the covariance 
structure of the indicator variables, while the loadings provide evidence of the reliability 
of individual indicators, as well as confirmation that indicators from all content areas are 
substantively represented in the final model. 
We fit models using a robust maximum likelihood estimator, which produces 
unbiased estimates using data with missing and skewed indicators. We deemed a model 
to have acceptable fit if the comparative fit index (CFI) and Tucker-Lewis fit index (TLI) 
were greater than 0.95, root mean square error of approximation (RMSEA) was below 
0.06, and standardized root mean square residual (SRMR) was below 0.08. (Hu and 
Bentler 1999) 
Construct	validity	analysis	





causes and sequelae of structural racism. Reich (1971) presented empirical evidence that 
structural racism is associated with social arrangements designed to maintain income 
inequality. Accordingly, we hypothesized counties with higher levels of CSR would 
exhibit higher levels of income inequality between Census tracts, as measured by the Gini 
index.  
 Wilson (1978) argued that structural racism results in a higher proportion of 
female-headed black households. The reasons for this are complex and varied. Poor labor 
prospects for black men and increased racial disparity in incarceration rates are two of 
these reasons. Using the U.S. Census American Community Survey, we obtained the 
proportions of black and white households in each county. We hypothesized CSR would 
be positively associated with the proportion of female-headed black households. Lastly, 
we examined social capital, under the theory that processes caused by structural racism, 
such as the channeling of black people into neighborhoods of concentrated disadvantage, 
may diminish social capital in those neighborhoods. (Portes 1998; Sampson, 
Raudenbush, and Earls 1997) Martin and Newman (2014) determined that Census 
response rates are a valid proxy for neighborhood social capital. We estimated the white-
black social capital differential by assigning each county resident the Census response 
rate of their Census block, and then created a frequency-weighted average for blacks and 
whites. We subtracted the black value from the white value to arrive at the average racial 
difference in social capital. We hypothesized that counties with higher CSR would 
exhibit a larger white-black social capital difference.  





percentage of black residents in the county and the total county population. We deemed 
correlations of absolute magnitude less than 0.3 indicative of acceptable discriminant 
validity. 
Results	
We identified 1,787 counties with a black population of greater than 500, 
representing more than half of the counties in the country. These counties accounted for 
282,093,181 residents, or 92% of the total U.S. population (Table 2). Included counties 
were predominantly located in the South and Midwest regions. The proportion of black 
residents per county ranged from 2.8% in the West to 21.8% in the South.  Mean (SD) 
housing dissimilarity index was 0.42 (0.15). Mean white/black high school graduation 
ratio was 1.05 (0.13) Mean incarceration ratio was 6.48 (9.31). Mean poverty ratio was 
2.37 (2.14). Mean A1c ratio was 1.02 (0.08). Pearson correlation coefficients between the 
indicators ranged from 0.009 (poverty ratio and A1c control ratio) to 0.48 (Housing 
dissimilarity index and high school graduation ratio).  
Factor analysis modeling resulted in a final model with one indicator from each of 
the five content domains, and acceptable fit statistics. (Table 3) The final model included 
the dissimilarity index (housing); black/white risk ratio of education less than 12th grade 
education; the black/white poverty ratio; the black/white incarceration ratio; and the 
white/black diabetes care ratio. Housing and education were loaded most highly in the 
final model (Figure 1). All loadings were statistically significant.  
Results of our construct validity analysis are shown in Table 4. The factor scores 





inequality, the proportion of black households headed by a single woman, and the white-
black social capital difference. The factor scores were correlated at 0.32 with county total 
population and -024 with the county proportion of black residents.  
Discussion	
We developed a measurement model for county structural racism that fits well to 
data, exhibits strong construct validity and covers five important domains of 
discrimination. From that model, we derived county factor scores for structural racism. 
These are, to our knowledge, the first local estimates of structural racism that rely on 
measurements across multiple domains and address the issue of measurement error.   
The analysis highlights some issues in measuring structural racism. For example, 
initially, we sought to include a measure of black vs. white exposure to police-on-citizen 
violence. However, our work with county-level death certificates led us to conclude that 
these events are rare enough to prevent meaningful inter-race comparison in most 
counties. Looking at the discrimination domain, we had initially suspected, based on the 
work of Massey and Denton (1988), that we would be able to specify a well-fitting model 
that contained multiple indicators of residential segregation. This did not prove to be the 
case. However, the selected model includes the dissimilarity index, which is the most 
readily interpretable, and one of the most commonly used, segregation measures. 
Our work benefited from pre-specification of a detailed nomologic network that 
we used to gauge construct validity. This work consisted of identifying constructs that, 
based on the literature, are likely sequelae of structural racism. In many cases, the effect 





indicators in the CFA. One relationship not included in our pre-specified network is 
worthy of note.  We specified that CSR would be positively associated with the 
proportion of black households headed by females, and found the data supported this 
hypothesis. 
One limitation of our work is that the measurement model we developed is not 
directly applicable to measurement of structural racism outside of the white vs. black 
context. Unquestionably, other forms of racism, such as white vs. Hispanic, have figured 
prominently in American social affairs. We focused on white vs. black racism because 
considering multiple forms of racism in the same analysis would have been impractical. 
While white vs. black racism is the longest standing and most pervasive form of racism, 
the current analysis illustrates a method that could be used to measure other forms of 
racism.  
Similarly, the analysis relied on single, rather than multiple, categories of race in 
deriving black vs. white indicators. The methods applied here could be used to evaluate 
structural racism involving various combinations of races. However, given that racism in 
the United States has often defined black race using the “one-drop” rule (Khanna 2010), 
our use of single-race categories is consistent with the phenomena under measurement. 
While counties represent one appropriate level of measurement for structural racism, 
there may be others. Our selection of this geographic scale could produce a method effect 
that would bias the association between structural racism and other variables of interest. 
This is an area in which further investigation is warranted.   





the CSR model certainly measure the degree to which contemporaneous policies result in 
differential treatment by race. The scale may also measure the effect of former policies 
that created racial disparities in a prior generation, which in turn resulted in current 
disparities due to differences in access to resources prior to birth and during early 
childhood. Untangling the complex web of causality over time is beyond the scope of the 
current project. Future research, however, might focus on evaluating time-varying 
measures of CSR, and understanding their relationship to the level of racial disparity over 
time.  
As interest in the association between structural racism and racial disparities 
grows, so does the need for a measure of structural racism that exhibits strong content 
and construct validity. The CSR measurement model described here provides a useful 





Table 2.1: Description of selected county-level indicators 
Indicator Domain Data Source Database Description 
Dissimilarity 
index 
Housing U.S. Census 
Bureau 
American Community 
Survey SF-1 (2007-11)  
Proportion of blacks that 





Education U.S. Census 
Bureau 
American Community 
Survey SF-1 (2007-11) 
Ratio of non-Hispanic 
white to black high 








Census of Jail Inmates, 
2005 
Ratio of non-Hispanic 
white to black county jail 
incarceration 
Poverty ratio Employment U.S. Census 
Bureau 
American Community 
Survey SF-1 (2007-11)  
Ratio of non-Hispanic 





Atlas of Health 
Care 
2012 Atlas  Ratio of white non-
Hispanic diabetics 
receiving appropriate 











Table 2.2: Counties included in study, by Census region  
 Northeast Midwest South West 
N 162 332 1077 138 








% black residents, mean (SD) 6.5 (7.2) 6.1 (6.8) 21.8 (18.1) 2.8 (2.8) 
Thiel’s H, mean (SD) 4.3 (1.1) 3.9 (1.1) 3.1 (1.2) 3.5 (0.7) 
White/black HS graduation ratio, 
mean (SD) 
2.1 (1.0) 2.2 (1.2) 1.8 (0.8) 2.1 (1.2) 
White/black incarceration ratio, mean 
(SD) 
3.0 (1.0) 2.6 (1.0) 2.1 (0.8) 2.2 (0.9) 
White/black unemployment ratio, 
mean (SD) 
6.8 (2.1) 7.2 (2.6) 7.0 (2.1) 6.4 (2.3) 
White/black median income 
difference, mean (SD) 
2.0 (1.3) 1.8 (1.3) 1.9 (0.9) 1.6 (1.5) 
White/black health insurance ratio, 
mean (SD) 
2.3 (2.6) 2.3 (2.3) 1.6 (1.8) 1.5 (2.4) 
 
   























index 1     
HS graduation 
ratio 0.475 1    
Incarceration 
ratio 0.279 0.152 1   
Poverty ratio 0.149 0.185 0.119 1  
A1C control 












Table 2.4: Confirmatory factor analysis fit statistics 
Fit statistic Estimate 
Confirmatory fit index 0.979 
Tucker-Lewis fit index 0.958 
Root mean square error of approximation 0.026 







Table 2.5: Association of latent variable with items in nomologic network  
Item Rho 
Percentage of black households headed by females 0.126 
Percentage of white households headed by females 0.059 
White-black difference in social capital, as measured 
by Census response rate 
0.388 
Gini coefficient, income 0.067 
County population 0.32 







Figure 2.2: Choropleth maps, quintiles of factor score and items  
Quintiles of structural racism  
 Quintiles of poverty ratio
 
 





Quintiles of A1c control ratio  
 Quintiles of incarceration ratio 
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Over the course of three decades, the prevalence of obesity in the United States 
more than doubled, to 36% in 2010. Overweight and obesity are responsible for 5% of 
United States all-cause mortality and $147 billion in health care costs. Obesity prevalence 
is strongly patterned by race and gender, and the role of race in causing obesity has been 
an active area of research.  Those efforts have been complicated by the absence of a 
precise definition of the biologic and social dynamics represented by the race variable, 
and also by the challenge of measuring structural racism. The current study is motivated 
by recent development of a validated scale measuring structural racism at the county 
level, and a conceptual framework that specifies hypothesized roles for race and 
structural racism in the development of adverse health consequences. We evaluate the 
association between county structural racism and BMI as reported in the 2011-2012 
Behavioral Risk Factor Surveillance System, a large, national survey. We specified an 
interaction between county structural racism and black race on BMI. We found county 
structural racism was associated with lower BMI in both blacks and whites, although 
CSR was less protective in blacks than in whites. The results suggest further research is 
required to understand the appropriate geographic scale on which to measure structural 
racism, and to evaluate the possibility that gender, race and structural racism together are 









Over the course of three decades, the prevalence of obesity in the United States 
more than doubled, to 36% in 2010. (Fryar, Carroll, and Ogden 2016) Concurrently, the 
prevalence of extreme obesity, defined as body mass index greater than 40 kg/m2, 
exploded, from 1.4% to 6.6% of the population. (Flegal, Panagiotou, and Graubard 2015) 
(2015) attribute 5% of United States all-cause mortality to overweight and obesity. 
Finkelstein, Trogdon, Cohen and Dietz (2009) estimate $147 billion in health care costs 
in the United States were attributable to obesity in 2008.   
Race is a potentially important correlate of BMI and obesity.  In 2012, obesity 
prevalence was 32.6 percent in non-Hispanic whites, and 47.8 percent in non-Hispanic 
blacks. (Ogden et al. 2014) Ailshire and House (2011) found BMI trajectories were 
ordered by social disadvantage, with educated white men having the lowest growth 
trajectory, and uneducated black women the highest. Burke et al.  (1996) examined 
weight changes over five years in 4,207 young adults participating in the CARDIA study. 
They found black men gained weight at a higher rate than white men, and reported a 
similar result for black women.  
Recently, investigators have called for additional research on discrimination and 
racism as a potential explanation for the racial disparity in many areas of health. (Bailey 
et al. 2017; Hicken et al. 2018)  In the context of BMI, a major emphasis has been studies 
on BMI and interpersonal, or personally mediated, racism, defined as differential actions 
toward or assumptions about the abilities of, people according to their race. (Jones 2000) 





defined as institutional policies and actions that result in detrimental treatment for 
members of a particular racial group. (Gee and Ford 2011) Discrimination and structural 
racism are constructs conceived of as involving five or more domains (Blank, Dabady, 
and Citro 2004), often including those of housing, education, health, criminal justice and 
employment.  
Recent studies leave two important gaps in knowledge. To date, research on 
adiposity has most frequently analyzed individual domains of structural racism, rather 
than explicitly evaluating structural racism as an exposure. For example, Chang, Hillier, 
& Mehta (2009)  reported a positive association between segregation and BMI among 
women, while Bower et al. (2015) found segregation was positively associated with odds 
of obesity among black women. Piontak and Schulman (2016) found a positive 
association between school segregation and childhood obesity BMI. Houle (2014) 
reported a similar finding with regard to male incarceration and BMI, noting as well a 
positive interaction between black race and incarceration on BMI. While literature on 
employment discrimination and BMI is sparse, Bhattacharya et al. (2004) found a 
positive association between poverty and BMI. Hernandez and Pressler (2014) reported 
similar findings with regard to the effect of childhood poverty on obesity in adolescence. 
The relationship between BMI and A1c control is more complex, in that excess BMI is 
often viewed as a risk factor for  inadequate glycemic control (Nguyen et al. 2011; 
Hannon, Rao, and Arslanian 2005). Here, however, we specify a measurement model 
including county-level disparity in A1c, rather than A1c itself. The relationship between 





previously. Importantly, existing studies use single-indicator exposures, which are subject 
to both systematic bias and random error.  The former can bias measures of association 
toward or away from the null; the latter most often underestimates the effect size. 
Investigators have examined the association between  
One additional challenge is that investigators in this area have not specified a 
causal model that involves a modifiable intervention on race, along with a clearly 
specified set of covariates necessary for control of confounding. Several of the cited 
studies controlled for individual and neighborhood socioeconomic status, which may be 
powerful mediators of the effect of structural racism on health.  Adjusting for potential 
mediators is likely to result in bias toward the null.  
The current study is motivated by recent development of a validated scale 
measuring structural racism at the county level, and a conceptual framework that 
specifies hypothesized roles for race and structural racism in the development of adverse 
health consequences.  
The conceptual model underlying the current study has been described in detail 
elsewhere. (Dougherty et al. 2018) Briefly, the model (Figure 1) decomposes the “race 
effect” into effects of structural racism, black (as opposed to white) physical phenotype, 
interpersonal racism, and cultural adaptation to structural racism. It posits that skin color 
and structural racism combine to affect access to resources, criminal justice involvement, 
and health. It specifies a sufficient cause interaction between race and CSR. In this 
relationship, subjects with black skin who are exposed to elevated levels of CSR exhibit 





words, black skin is only relevant to BMI in settings of elevated structural racism, while 
structural racism is a risk for elevated BMI only if one is black. This specification follows 
from the literature emphasizing structural racism as a key determinant of health 
disparities (Krieger 2008), and the body of research demonstrating that phenotypic race is 
not a valid proxy for genotypic variation related to disease incidence. Specification of 
cultural adaptation to racism as a mediator of effect of structural racism on BMI is based 
on the work of Wilson (2009) and others, who have found many so-called cultural traits 
that are potentially detrimental to health are, in fact, responses to structural racism.  
Development of the conceptual framework and measurement scale together offer 
the opportunity to examine previously untested causal relationships between structural 
racism, race and health. Development of the scale allows for more accurate measurement 
of structural racism, which in turn will yield enhanced estimates of the relationship 
between structural racism and BMI. 
Previous analyses have investigated the effect of discrimination at the national, 
state, county, and area scale. We measure discrimination at the county level because it is 
the most relevant scale to the social dynamic under investigation. Racism often involves 
analytic units larger than the neighborhood. Housing segregation, for instance, often 
plays out in the context of municipalities or urban areas encompassing multiple 
municipalities. At the same time, action by institutions below the state level are relevant. 
County governments, for example, typically set educational policy that can result in 
school segregation.  The results presented here may be subject to selection of a 






The procedure for estimating county-level structural racism is detailed elsewhere. 
(Dougherty et al. 2018) Briefly, we specified a latent variable measurement model with 
indicators spanning five domains of structural racism: employment, criminal justice, 
health, housing, and education (Table 1). For the first three domains, indicators were 
generally specified as prevalence ratios of the form Pb/Pw, where Pb represents the 
proportion of a county’s black residents experiencing a given phenomenon 
(unemployment, or residence in the county jail) among blacks, and Pw represents the 
proportion of the county’s white residents experiencing it. The final two domains 
included a mix of prevalence ratios and segregation indices commonly used in research 
on housing and education. (Massey and Denton 1988)  
In order to limit random variability of the indicators, measurement was limited to 
U.S. counties with a black population of at least 500. Many indicators were derived from 
the 2011 five-year American Community Survey estimates provided by the U.S. Census 
Bureau. (2012) Additional sources of information include school demographic data 
compiled by the U.S. Department of Education, and county jail demographic data 
collected by the U.S. Department of Justice. The measurement model specified an 
independent error component for each indicator. The final model exhibited adequate fit.  
Pearson correlation coefficients between the indicators (Table 2) ranged from 0.009 
(poverty ratio and A1c control ratio) to 0.48 (Housing dissimilarity index and high school 






Self-reported BMI and race data were obtained from the 2011 and 2012 
Behavioral Risk Factor Surveillance System (BRFSS), a survey administered by the 
Centers for Disease Control and Prevention (CDC) in cooperation with state health 
agencies. The BRFSS sample is designed to yield state-level estimates of health 
behaviors included in the survey. Households and cellular telephones are called at 
random, and a randomly selected adult from each responding household is interviewed. 
(CDC 2013) 
We elected to obtain BMI from BRFSS because we sought to include a large and 
representative selection of U.S. counties that are likely to encompass the full range of 
CSR and BMI levels. BRFSS is one of few data sources to meet this requirement. The 
combined 2011-12 dataset covers approximately 2,500 of the 3,143 counties in the 
country. The missing counties arise because of a CDC policy that suppresses records 
from counties with fewer than 11 respondents.  
BRFSS respondents are asked to select one or more applicable races from the 
following list: White, Black or African American, Asian, Native Hawaiian or Other 
Pacific Islander, American Indian, Alaska Native, Other.  Those who list multiple races 
are asked to identify their preferred race from among the multiple selections.  Our 
analysis relies upon preferred race supplied by the respondent. We used BRFSS data 
from 2011 and 2012 because they are the most recent contiguous years in which the 
survey used compatible sampling weights. In 2011, the CDC changed the BRFSS 





altering the sampling weights in a way that made estimates from 2011 and subsequent 
years incomparable to those from 2010 and earlier years. The CDC restricted access to 
county identifiers for BRFSS respondents in 2013.   
Statistical	analysis	
The BRFSS sampling strategy yields state-level estimates for health 
characteristics addressed in the survey. By contrast, our target population was U.S adults 
residing in counties that were included in both BRFSS and in the CSR factor analysis. 
There is no readily available set of survey weights that would be relevant to this target 
population. Accordingly, we elected to treat the BRFSS data as a convenience sample of 
adults in the target population, and to analyze without survey weights.  
To account for random error due to the small number of respondents in some 
counties, we specified multilevel linear regression models with a county random 
intercept. We controlled for age and sex, centering those variables on the grand mean 
because we were primarily interested in the effect of a county variable (CSR) while 
controlling for individual variables (Enders and Tofighi 2007) To evaluate the 
relationship between CSR and race, we specified models including a binary variable for 
black race, county proportion black to control for level two confounding, and a three-way 
interaction term for race, CSR and sex.  
We hypothesized that structural racism would, after adjusting for individual-level 
confounders, be negatively associated with BMI in the general population, and that black 
race would be positively associated with BMI. Following the conceptual model 





in which elevated CSR would be associated with lower BMI for whites, and higher BMI 
for blacks. We hypothesized that black females would have the highest expected BMI, 
followed by black males.  
 Our focus was on additive interaction, as our data were distributed appropriately 
for linear regression modeling. The standard test of statistical significance in a sufficient 
cause interaction requires an assumption of monotonicity (i.e., that structural racism is 
never protective). This assumption is not appropriate in the context of our data and 
conceptual model; thus we test for sufficient cause interaction under a more stringent test 
that does not assume monotonicity.  We evaluate p11-p01-p10>0, where p11 is the beta 
coefficient for black subjects in counties with high CSR, p01 is the beta coefficient for 
white subjects in counties with high CSR and p10 is the beta coefficient for black subjects 
in counties with low CSR. (VanderWeele, Chen, and Ahsan 2011) 
We specified five models: Model A, which regressed BMI against individual 
covariates; Model B, which added  black race; Model C, which added county structural 
racism; Model D, which tested the sensitivity of the results in Model C to three potential 
macro-level confounders: percentage of county residents living in a rural area, median 
county income, and Census region; and Model E, which replaced grand mean centered 
values for race and sex with an individual binary variable and a county mean proportion 
and added three-way interaction term for individual race, sex, and CSR, as well as the 
component two-way interactions.  
Results	





surveyed by BRFSS and provided valid BMI data (Table 2.3). Respondents were 39% 
female, 75.4% white non-Hispanic, 10.4% black non-Hispanic, and 14.2% other race or 
ethnicity. Respondents from roughly half of U.S. counties (1,563 of 3,142) were included 
in the analysis.  
In Model A, we found female sex was associated with BMI decrease of 0.632 
(0.67, 0.59) kg/m2. Age was associated with a BMI increase of 0.061 (0.06, 0.06) kg/m2. 
In Model B, black race was associated with a BMI increase of 2.624 (2.56, 2.69) kg/m2, 
while the age and female coefficients moved slightly away from the null. In Model C, 
structural racism was associated with a BMI decrease of 0.3 (0.37, 0.23) kg/m2. 
Coefficients for age, sex and black race were substantively unchanged. In Model D, we 
found an residence in the West Census region was associated with a BMI decrease of 
0.348 kg/m2, as compared to the Northeast region.  Residence in the South region was 
associated with BMI increase of 0.134 (0.00,0.27) kg/m2, while residence in the Midwest 
region was associated with an increase of 0.349 (0.21, 0.49) kg/m2. An increase of 
$10,000 in county median income was associated with a BMI decrease of 0.26 (0.29, 
0.23) kg/m2. An increase of one point in the percentage of county residents residing in a 
rural area was associated with a BMI increase of 0.011 (0.01, 0.001) kg/m2. In this 
model, the structural racism and black race coefficients moved modestly toward the null. 
increase of one standard deviation in CSR was associated with a decrease in BMI of -
0.095 (-0.16,-0.03) kg/m2. Black race was associated with a BMI increase of 2.587 
(2.52,2.65). The female coefficient was -0.723 (-0.77,-0.68) kg/m2. Model C, which 





null.   
We found including a three-way interaction term for gender, race and CSR 
resulted in potentially important changes to the model (Table 3.4, Figure 3.2).  Predicted 
BMI for male whites was largely unchanged across levels of CSR. BMI for white women 
dropped 0.4 kg/m2 with a change in CSR from -1SD to 1 SD. For black males, a similar 
change in CSR resulted in a BMI increase of 0.4 kg/m2. Black females reported the 
highest BMI across all levels of CSR, with BMI rising 0.1 kg/m2 as CSR increased from -
1 SD to 1 SD. The interaction term was statistically significant (p<0.05). Coefficients for 
the age and level 2 covariates other than CSR were substantively the same as in the other 
models.  
Discussion	
Our study’s strengths include use of a large, high-quality survey dataset that is 
broadly representative of the adult population of the United States. We used multilevel 
models to account for clustering within county, and to address small sample size in some 
counties. The current study is one of the first to evaluate the effects of black race and 
structural racism on a health outcome using a validated measurement scale for structural 
racism at the county level.  
Our study demonstrates how investigators interested in structural racism might 
apply the newly developed conceptual framework and structural racism measurement 
model. Our hypotheses about the relationship of structural racism to BMI were largely 
validated, in that CSR was associated with lower BMI in the general population, but 





black disparity in BMI disappeared for men, while increasing levels of CSR were 
associated with widening disparity. This is consistent with our expectation that modeling 
CSR would largely eliminate the effect of race on BMI. For women, however, this was 
not the case. Black women reported BMI consistently higher than other subjects at all 
levels of CSR. One explanation for these findings is that CSR has a more significant 
effect on black men through their exposure to the criminal justice system, which may 
subsequently affect employment and access to other resources.  
Our results suggest that interventions to ameliorate structural racism may help 
black men to achieve healthier BMI. However, the finding that CSR is generally 
associated with lower BMI raises the question of how interventions might be structured 
so that they reduce CSR and black-white BMI disparities without increasing BMI in other 
populations. An additional concern is the dynamic involving black women, who appear to 
be less sensitive to changes in BMI. Further research is necessary to understand the 
significance of this finding, and to determine whether a similar dynamic applies to other 
health outcomes.  
One potential limitation of the current study is reliance on self-reported BMI. 
However, self-reported BMI is generally adequately correlated with BMI from clinical 
measurements. (McAdams, Van Dam, and Hu 2007) (2007) evaluated the relationship 
between self-reported BMI and BMI measured during a clinical visit for National Health 
and Nutrition Examination Survey, finding correlation of .95 in white subjects and .93 in 
blacks. This finding is consistent with previous work in suggesting that self-reported BMI 





measurement error by race.  
A similar limitation involves our use of self-reported race. It is possible that those 
who do not exhibit a black physical phenotype have identified themselves as black, and 
that those who do have identified themselves as white. There are other approaches 
available to empirically characterize skin color. However, they are not often used in large 
national surveys, so relying on them would have diminished the external validity and 
power of our study. It is possible that BMI, or variables associated with BMI, such as 
social status, are also associated with error in reporting of race (Penner and Saperstein 
2008), which could result in qualitative bias in our study findings. This possibility has not 
been carefully evaluated in the context of epidemiologic studies, so its potential impact 
on our results is unclear. We note that most epidemiologic studies in which race is used 
as an exposure or covariate share this limitation.  
Another issue arises from the public health significance of BMI. Obesity in itself 
is not a meaningful endpoint; it is an indicator of metabolic processes that are associated 
with coronary artery disease, diabetes, and other illnesses. The value of our study rests on 
the degree to which BMI is associated with these endpoints, and whether those 
associations vary by race. McAdams and colleagues did find modest differences by race 
in correlation between self-reported BMI and biomarkers related to disease. For example, 
the correlation between self-reported BMI and HDL cholesterol was −0.53 for whites and 
-0.44 for blacks; they reported a similar discrepancy for C-reactive protein. (Stevens, 
McClain, and Truesdale 2008) (2008) found the correlation between BMI and disease 





and disease risk. However, differences were not large. (Sun et al. 2010) (2010) evaluated 
correlations between BMI and fat mass and percentage fat measures produced by dual-
energy x-ray absorptiometry (DEXA), a more accurate measure of adiposity.  
Correlations (.78 for percent fat, .92 for fat mass) were identical for black subjects and 
white subjects.  
This study requires a measure of adiposity that is widely available across a 
diverse selection of U.S. counties in order to evaluate the relationship between CSR and 
BMI across a full range of CSR levels. Other measures of adiposity, such as DEXA and 
waist circumference, are not available in datasets produced by large national surveys. The 
use of BMI, as compared to other adiposity indicators, may yield a small amount of 
imprecision in assessing the health risk of CSR. However, once the relationship between 
CSR and BMI is understood, further investigation can address the question of CSR and 
downstream outcomes.  
An additional limitation of the current study is its cross-sectional nature. CSR 
measurements were taken at one point in time, which in effect assumes that the CSR of a 
subject’s current county of residence is the CSR they have always been exposed to. In 
reality, subjects move between counties, and counties may experience changes in CSR 
over time. Further, our analysis assumes that the subject’s most recent CSR exposure is 
the most relevant one to BMI. CSR may have lagged effects, and effects that vary over 
the life course, but we were unable to evaluate this with our data. We note that one 
limitation commonly cited in cross-sectional studies, that of reverse causation, is less of a 





of the interaction between race and structural racism.  
Finally, structural racism operates on multiple geographic levels (neighborhood, 
county, metropolitan area, and state, for example). Our results suggest that exploration of 
a multilevel measurement model (Muthén 1994) is appropriate. It is also possible that a 
portion of the BMI differential for black women represents the exposure to structural 
racism inherent to living in the United States. Measuring variation in structural racism 
between counties will not capture the full effect of structural racism if all U.S. residents 
are exposed to a baseline level of structural racism that impacts BMI (Rose 1985). It may 
be that cross-national analysis will provide a clearer picture of the effect of structural 














Table 3.1: Items selected for structural racism factor model  
Indicator Domain Data Source Database Description 
Dissimilarity 
index 
Housing U.S. Census 
Bureau 
American Community 
Survey SF-1 (2007-11)  
Proportion of blacks that 





Education U.S. Census 
Bureau 
American Community 
Survey SF-1 (2007-11) 
Ratio of non-Hispanic 
white to black high 








Census of Jail Inmates, 
2005 
Ratio of non-Hispanic 
white to black county jail 
incarceration 
Poverty ratio Employment U.S. Census 
Bureau 
American Community 
Survey SF-1 (2007-11)  
Ratio of non-Hispanic 





Atlas of Health 
Care 
2012 Atlas  Ratio of white non-
Hispanic diabetics 
receiving appropriate 





















index 1     
HS graduation 
ratio 0.475 1    
Incarceration 
ratio 0.279 0.152 1   
Poverty ratio 0.149 0.185 0.119 1  
A1C control 
















N 11,844 232,794 244,399 189,841  
Sex     <0.001 
   Male 78.7% 67.6% 50.4% 58.7%  
   Female 21.3% 32.4% 49.6% 41.3%  
Age, mean 
(SD) 
55 (22) 54 (20) 56 (17) 55 (16) <0.001 
Race     <0.001 
   White 77.3% 79.3% 76.5% 71.0%  
   Black 6.9% 7.0% 9.8% 15.5%  













Table 3.4: Regression coefficients, BMI on structural racism 
 Model A Model B Model C Model D 
 Beta Beta Beta Beta 
 [95% CI] [95% CI] [95% CI] [95% CI] 
BMI     
Female -0.632 -0.72 -0.72 -0.723 
 [-0.67,-0.59] [-0.76,-0.68] [-0.76,-0.68] [-0.77,-0.68] 
Age 0.061 0.065 0.065 0.064 
 [0.06,0.06] [0.06,0.07] [0.06,0.07] [0.06,0.07] 
Black  2.624 2.633 2.587 
  [2.56,2.69] [2.57,2.70] [2.52,2.65] 
Racism   -0.3 -0.095 
   [-0.37,-0.23] [-0.16,-0.03] 
Median income, $10k    -0.26 
    [-0.29,-0.23] 
County percent rural    0.011 
    [0.01,0.01] 
Midwest    0.349 
    [0.21,0.49] 
South    0.134 
    [0.00,0.27] 
West    -0.348 
    [-0.51,-0.18] 
Constant 29.049 28.952 29.024 29.78 







Table 3.5: Predicted BMI with CSR, race, sex interaction 
 CSR=-1SD CSR=1SD 
White male 28.3 28.2 
White female 27.5 27.1 
Black male 28.5 28.9 
Black female 30.8 30.9 
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This dissertation advances the discussion surrounding race and health in a few 
ways: by developing a framework that identifies modifiable components of race and 
focuses interventions on modifiable upstream causes of health disparities; by identifying 
and validating an approach for measuring area structural racism; and by conducting the 
first empirical investigation into structural racism and a health outcome using the 
framework and measurement model.  
The framework itself is perhaps the most important piece of this work. Although 
understanding the relationship between race and health has been a focus of epidemiology 
for a long time, the question of what we mean by race has not received nearly enough 
attention. At a minimum, I hope the dissertation demonstrates that race is complicated, 
and that any variable that comes with multiple definitions, and definitions that shift over 
time, is one scientists should treat carefully.  
The process of thinking and writing about the theoretical underpinnings of race 
and health has emphasized for me the ease with which scientists, in many cases, jump 
into the fray without considering theory. There are some truly basic questions about race 
and health that not only remain unanswered, but which, until I began this research, had 
not been considered in the literature. If we describe race as unmodifiable, what is Black 
Like Me about? What type of effect do we believe structural racism has on white people, 
as opposed to blacks? What are the causal specifications of those dynamics? If we believe 
racism affects socioeconomic status, why do we adjust for SES when we’re trying to 
measure the effect of racism? The framework provided in Chapter 1 purports to answer 





collections of answers. The important thing is to begin asking the questions.  
Methodologic	challenges	
The measurement work detailed in Chapter 2 is significant because while many 
scientists believe structural racism is important, it has been poorly measured in the past. 
The factor model presented here is one way to remedy that problem, although again 
perhaps not the best and surely not the last. The measurement challenges in this area are 
formidable. As discussed, it is likely that everyone in the United States is exposed to a 
baseline level of structural racism that renders analysis of areal variation suspect. If one 
were to portion the variation in structural racism into between nation and within nation 
components, one suspects the within-unit variance would be the far less important 
component. This raises some difficult questions, because it means that the only way to 
get a robust measurement of the effect of structural racism is to conduct a cross-national 
analysis. However, the likelihood of non-comparable groups and off-support inference in 
such a design is high. Perhaps there is a subset of nations that have a large amount of 
variation in structural racism and are also comparable on some important covariates, and 
thus can serve as a study population for a cross-national look at structural racism. 
The question of the appropriate level of measurement within the United States is 
also unanswered. It is possible that structural racism would be best measured at the level 
of state or metropolitan statistical area. More likely is that institutions on multiple 
geographic scales contribute to structural racism, and that measurement models 
accounting for this dynamic will be the most useful ones.  





model for the first time using BMI as an outcome had some drawbacks. The relationship 
between racism and BMI has not been as well studied as, for example, hypertension and 
infant mortality. Because the Chapter 3 analysis involved a new method for measuring 
the exposure and an exposure-outcome relationship that is not well defined, it is difficult 
to determine whether the findings reported here are related to mismeasurement of the 
exposure, or a dynamic specific to BMI. Had I selected another outcome on which to test 
the framework and measurement model, this would have been less of an issue. Using an 
outcome like infant mortality would have been advantageous for two additional reasons: 
It is not self-reported, and data exist for the entire U.S. population, rather than a sample.  
The sampled data from BRFSS were a source of another challenge. BRFSS is not 
one sample; rather, each state designs a sampling procedure to yield state-level 
prevalence estimates. Because of this approach, states differ as to whether the primary 
sampling unit is county or some other geographic unit. This creates an issue, because 
generating appropriate level one and level two weights is critical to producing valid 
estimates from weighted sampling data. When the primary sampling unit is other than a 
county, the level two weights supplied by CDC aren’t usable. A further challenge 
involved the question of target population. The BRFSS state samples could, with some 
adjustment to the weights, serve as an adequate study population for inference to the U.S. 
adult population as a whole in many instances. However, our Chapter 2 analysis 
produced structural racism factor scores for U.S. counties with black populations over 
500. In addition, county identifiers were excluded from the BRFSS record for privacy 





for a subset of U.S. adults living in specific counties. In turn, our target population 
became the adult population of the counties included in the analytic dataset. There was no 
feasible way to adjust the CDC survey weights to produce estimates for this population, 
so I decided to treat the study dataset as a convenience sample and analyze without 
weights. Another approach would have been to proceed with generalized estimating 
equation modeling using survey weights raked to the population of the counties included 
in the study dataset. I decided to specify random intercept models because they yield 
more accurate estimates in smaller counties, where reported BMI may be subject to high 
levels of random error. However, it would be productive to review results from the GEE 
approach as a sensitivity analysis.  
Implications	for	future	research	
There are a number of possibilities for future research that emerge from the 
dissertation. The framework and measurement model provide a set of tools that can be 
used to evaluate the impact of structural racism on many types of health outcomes, as 
well as outcomes in other areas, such as education and housing. I have previously 
mentioned some avenues for methodologic research, including sensitivity analysis and 
exploration of additional specifications for structural racism measurement models.  
Another question raised by the dissertation is the role of structural racism as a 
confounder. In many domains of research, particularly including health services research, 
analysts adjust for race as a confounder. One example of this is seen in studies comparing 
outcomes across a panel of hospitals, where the concern arises that race is a common 





racism, rather than race, is the determinant of hospital attendance and treatment 
outcomes, the strategies used to date to achieve control for confounding may result in 
substantial residual confounding. Exploring structural racism as a confounder may lead to 
more accurate results across a broad range of studies.  
Finally, I hope the papers in this dissertation will spur research on structural 
racism and life-course epidemiology. Earlier, I mentioned the need to untangle the effects 
of parental vs. child exposure to structural racism. This is but one of many questions that 
require further analysis. Are there periods during human development that are 
particularly sensitive to structural racism? Do the effects of various types of limited 
access to resources differ across the life span? When will interventions on structural 
racism have the most impact? The framework and measurement model here may 
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